Abstract
Introduction
Formatively-measured constructs increasingly appear in the information systems (IS) literature both in terms of application in research models and concern for methodological issues (Petter et al., 2007; Kim et al., 2010; Diamantopoulos, 2011; Bagozzi, 2011; MacKenzie et al., 2011; Bollen, 2011; Treiblmaier et al., 2011) .
Formativelymeasured constructs differ from reflectivelymeasured constructs in that the observable items comprising formative measures are considered causes of a latent variable while reflective items are considered observable consequences of a latent variable. Though formative measures hold potential value in building research models, concerns about their use in theory testing and structural equation modeling (SEM) abound, particularly in consideration of formative exogenous variables (Wilcox et al., 2008; Franke et al., 2008; Kim, et al., 2010; Diamantopoulos, 2011; Bollen, 2011; Treiblmaier et al., 2011) . The essential question was posed by Wilcox, et al. (2008 Wilcox, et al. ( , p.1219 who stated "… reflective measurement has filled the role of creating measures of constructs that can be used in different studies by different researchers to test different theories. But can formative measurement fill the same need? Does formative measurement allow researchers to use the same 'off-the-shelf' measure in different contexts to test different theories?"
In order to confidently use formativelymeasured constructs in the same fashion that researchers have employed for reflectivelymeasured constructs, one must overcome known concerns about formative measures. As research investigates formative measurement, many concerns have been addressed while others still require further examination and resolution (Diamantopoulos et al., 2008; Diamantopoulos, 2011; Bagozzi, 2011; MacKenzie et al., 2011; Bollen, 2011) . Known challenges when employing formativelymeasured constructs in a research model include vulnerability to multicollinearity, the requirement for emanating paths from the formatively-measured construct for model identification, and an inability to validate the construct with techniques commonly employed for reflectively-measured constructs. Past work has examined these issues, though not all researchers are content with the idea of formative measurement (Diamantopoulos et al., 2008) . Of continuing concern are issues of interpretational confounding and a lack of proportional structural effects when used as an exogenous variable (Franke, et al., 2008; Kim, et al, 2010) . Interpretational confounding occurs "as the assignment of empirical meaning to an unobserved variable which is other than the meaning assigned to it by an individual a priori to estimating unknown parameters. Inferences based on the unobserved variable then become ambiguous" (Burt, 1976, p.4) . Proportional structural effects are preserved when the construct functions as a point variable such that measures correlate with other constructs in proportion to their correlation with their own construct. This implies that a formatively-measured construct must fully mediate the effects of its measures in order to be representative (Franke, et al., 2008) .
In IS research models, the inclusion of a formatively-measured construct as an antecedent can lead to both interpretational confounding and inconsistent proportional structural effects Bagozzi, 2011; MacKenzie et al., 2011) . Researchers in other disciplines also report these issues (Franke et al., 2008) . To counter these and other possible problems with formativelymeasured constructs, a technique gaining ground among some researchers is the Multiple Indicators Multiple Causes (MIMIC) construct created by adding two reflective items to any variable measured formatively (Diamantopoulos and Winklhofer, 2001; Diamantopoulos et al., 2008; Bagozzi, 2011; Diamantopoulos, 2011) . Whether the MIMIC modeling guidelines can address issues of interpretational confounding and structural proportionality has not been explored in the literature. The purpose of this study is, therefore, to examine whether a MIMIC model reduces interpretational confounding and exhibits consistent proportional structural effects for exogenous formatively-measured constructs.
Consistency of weights of the formative measures, parameter estimates for structural paths, and mediation of the formative measures are examined with simulation techniques to consider whether the MIMIC model can limit these crucial problems for formatively-measured constructs.
Background
Information system scholars have adopted structural equation modeling (SEM) as a common technique to investigate theoretical models of interest (Petter et al., 2007; MacKenzie et al., 2011; Bollen, 2011) . Structural relationships are proposed among latent variables and tested by either covariance based techniques or component based techniques (Fornell and Bookstein, 1982) . The latent variables are measured by observable measures that measure the unobservable variable (Borsboom et al., 2003) . The argument is that any change to the latent variable will also occur to the measures. Most commonly, researchers view that interventions that change the latent variable can be detected by endogenous measures (Coltman et al., 2008) . This relationship is termed reflective, a consideration of the change in each measure being a reflection of the change in the latent variable. Causality is implied from the variable to the measures and the measures are understood to be positively correlated (Bollen, 1989) .
From a theoretical view, however, it is just as conceivable that a variable is formed by multiple measures that are not correlated with each other (Blalock 1964; Diamantopoulos and Winklhofer 2001; Edwards and Bagozzi 2000) . This is termed a formativelymeasured construct. Causality is presumed to flow from the measures to the latent variable. Further, formative measures in a construct need not covary (Bollen and Lennox, 1991) , and hence may not have the same antecedents, consequences, or relationships to other variates (Jarvis et al., 2003) . If any formative measure increases, the latent variable increases even if all the other measures remain stable. This implies that if the latent variable increases, not all measures in a formatively-measured construct need to increase unlike in a reflectively-measured construct where all reflective measures are assumed to change accordingly.
Reflectively-measured constructs with items seen as outcomes of the latent variable have been popular in the IS literature for many years in some of the more common models (Petter et al., 2007) . As an example, the original Technology Acceptance model contains a latent variable in the structural equation model called ease of use (Davis, 1989) . If a system is perceived to be easy to use, there will be expectations of the system that reflect such a perception (easy to learn, controllable, clear and understandable, flexible, easy to become skillful, easy to use). The items should all be related in order to add to consistency and reliability of the construct plus are part of the nomological net of the theory since they are direct consequences of the latent variable. On the other hand, formative items causing the latent variable in the construct need not be part of the same nomological net nor necessarily correlated with one another (Bollen and Lennox, 1991; Diamantopoulos and Winklhofer, 2001 ). For example, governance characteristics in outsourcing contracts are formed by the presence of distinct clauses in the contract that include a communication plan, a measurement charter, a conflict resolution charter, and an enforcement plan ). These items need not be correlated among themselves, could come from different sources and/or different nomological nets, and should completely define the latent variable as we understand it. These are components that come together to form the latent variable rather than being observed consequences of having governance clauses in a contract. Figure 1 shows a formatively-measured construct with three measures. The measures (xi) may or may not be correlated (Ф ij). Each is related to the latent variable (η) with a path coefficient (γi). The latent variable is thus formed as a linear combination of the measures such that: Eq. 1: η= γ 1 X 1 + γ 2 X 2 + γ 3 X 3 + … + γ n X n + ζ
This differs from reflectively-measured constructs where each measure has a separate linear relation with the latent variable as shown in Figure 2 with the equation appearing:
where Yi is the ith reflective measure, λi is coefficient representing effect of latent variable on measure, η is reflectively-measured construct, and ε i is measurement error for reflective measure i.
Rather than having an error term for each measure as in the reflectively-measured construct, the formatively-measured construct has a single error term (ζ). This error is considered to represent the impact of all remaining causes not represented by the measures included in the construct (Diamantopoulos, 2006; . Given this interpretation of the error term, as long as all possible causes of the latent variable are included in the construct, the error term could be excluded. However, when not all possible causes are explicitly incorporated as formative measures (which is common in practice), the error term must be included as a parameter and estimated along with the other parameters to ensure correct model specification.
Recent papers have examined the IS literature to determine the pervasiveness of formatively-measured constructs and concluded their use is expanding (Petter et al., 2007; Kim et al., 2010 Reasons for employing formatively-measured constructs in research include increased explanatory power and avoidance of misspecification bias. Formatively-measured constructs are unique because they represent latent variables perceived to be composites of specific components (Edwards and Bagozzi, 2000) . This presents unique opportunities for the interpretation of results where changes to the latent variable have measures that might predict the change. Should the latent variable be one of interest to practice, reflective items present no guidance as to how to alter the variable of interest since they occur as a result of change to the latent variable. Formative items, however, allow researchers to legitimately draw advice from the relationship of the measures. Incorrectly specified directionality, in either direction, can lead to extreme bias in the estimate of structural parameters, even to the point of indicating relationships are significant when they in fact are not (MacKenzie et al, 2005; Petter et al., 2007; MacKenzie et al., 2011) .
However, formatively-measured con-structs present a number of issues that must be resolved prior to their incorporation in SEMbased research. Specification of the construct requires the items be distinct from the latent variable, the items covary with the latent variable, temporal conditions hold, and rival explanations are eliminated (Edwards and Bagozzi, 2000) . The latter condition is a major argument as to why formative items must be a complete set, fully explaining the latent variable without omission of any actual causes. Failure to include any relevant facet of the variable alters the content domain and excludes part of the construct itself resulting in conceptual and theoretical changes to the structural model (Diamantopoulos and Winklhofer, 2001; Diamantopoulos, 2011) . Inclusion of a large number of measures potentially results in multicollinearity problems that must be addressed through item purification procedures (Bollen and Lennox, 1991; Diamantopoulos and Winklhofer, 2001; Diamantopoulos, 2011) . Formative latent variables are under identified in SEM without having at least two emitting paths (MacKenzie et al., 2005) . Of more recent concern in the IS literature is issues associated with interpretational confounding and proportional structural effects (Franke et al., 2008) . For the remainder of the paper we focus our attention on these concerns. In particular, our focus in this article is limited to exogenous formatively-measured constructs as the issues differ from endogenous formativelymeasured constructs (MacKenzie et al., 2005) .
Interpretational Confounding
The nominal meaning to a construct is assigned without reference to empirical information. The construct's empirical meaning derives from its relations to one or more observed variables in an experimental setting. Empirical meaning applies to both the construct itself and to its relationships to observable measures of other constructs in a structural model. Interpretational confounding occurs "as the assignment of empirical meaning to an unobserved variable which is other than the meaning assigned to it by an individual a priori to estimating unknown parameters. Inferences based on the unobserved variable then become ambiguous and need not be consistent across separate models" (Burt, 1976, p.4 
).
Interpretational confounding is evident when the coefficients linking measures and the latent formative variable significantly change with changes to the endogenous variables in a model or when the path coefficient from the latent formatively-measured construct to an endogenous variable changes if another endogenous variable is replaced (Bollen, 2007; Howell et al., 2007; MacKenzie et al., 2011) . In the former case, the change to the coefficients of the formative items indicates that the meaning of the items as part of the measurement construct differs from any meaning later attached to the items in a structural model. In the latter case, the measurement model is inconsistent in structural model applications, furthering interpretational confounding in the current study and making comparison across studies problematic. In Figure 3 , the value of γ13, γ13, and γ13 depend on the relationships to the variables η2 and η3. Changing out η3 for another endogenous variable possibly changes the values of γ13, γ13, γ13, and β12 showing how the structural model and measurement model are related with a formative exogenous variable. Since the dependent variable in Eq. 1 is latent, the downstream variables are necessary to estimate the coefficients on the paths form the formative items to the latent variable in a formatively-measured construct.
Studies have demonstrated that the nature of the latent construct depends on the dependent constructs included in the model Howell, et al., 2007; Hardin et al., 2008a; Hardin et al., 2008b; MacKenzie et al., 2011) .
Proportional Structural Effects
Proportional structural effects state that the measures "must have effects on the outcomes that are proportional to their effects on the formatively-measured construct itself" (Franke et al. 2008 (Franke et al. , p 1229 . This has a direct impact on external consistency, which is realized when the items measuring the construct have a similar relationship to the antecedents and consequences as to the construct itself. In other words, external consistency is lacking if items of a formativelymeasured construct have different relationships with the endogenous variables than the formative latent construct itself (Blalock, 1969; Bollen and Davis, 1994; Hayduk, 1987) . Recent studies have demonstrated the lack of point variability of the traditional formativelymeasured construct Franke et al., 2008) .
External consistency is usually defined as a preservation of the ratios of the correlations of the items to the latent variable and the items to the measurement items of other variables in the model (Anderson and Gerbing, 1982) . This is considered similar to the concept of a point variable where the latent variable is expected to serve as a single point in relationships to other variables in the model (Howell et al., 2007) . The implications of a point variable are that the structural proportion of the measures to their latent variable as to other variables, meaning that a formativelymeasured construct fully mediates the effects of its measures on other variables (Blalock, 1969; Bollen and Davis, 1994; Hayduk, 1987; Diamantopoulos, 2011) . The presence of structural proportionality is a sufficient, but not necessary, condition for external consistency (Anderson and Gerbing, 1982) . Figure 4 shows a set of possible relationships in a model with one formatively-measured construct as an antecedent to two reflectivelymeasured constructs. If η1 mediates the relationships of its measures to η2 and η3, then the proportional structural effects ensure external consistency exists for the formativelymeasured construct. In other words, in Figure 4 , there should not be a direct effect between any X1j and η2 or η3. All β1jk should be close to zero. This premise is assumed in previous discussions and applications of formative models but not demonstrated to hold (Diamantopoulos, 1999; MacCallum and Browne, 1993) . 
The Mimic Construct
The Multiple Indicators Multiple Causes (MIMIC) construct is created by adding two reflective items to any variable measured formatively (Diamantopoulos and Winklhofer, 2001) . Such a construct is one of the choices for fully specifying formatively-measured construct which requires two emitted paths, the other being two reflectively-measured constructs, or one reflectively-measured construct and one reflective item (Jarvis et al., 2003; Diamantopoulos et al., 2008; Diamantopoulos, 2011) . Figure 5 shows a MIMIC construct. The idea behind the MIMIC construct is to allow complete specification of the formative measures so that they need not be dependent on the other constructs in a SEM study. This allows separation of measurement and structural issues that formativelymeasured constructs do not otherwise permit. The construct could replace formativelymeasured constructs in a SEM. Doing so for the model in Figure 3 would result in the model of Figure 6 . The MIMIC construct still requires a complete set of formative predictors, but is considered to address issues of interpretational confounding and external consistency (Jarvis et al., 2003; MacKenzie et al. 2005; Diamantopoulos et al., 2008; Diamantopoulos, 2011) . Consider the model in Figure 7 where all direct paths to the dependent reflectivelymeasured constructs are shown. The underlying reason to use a MIMIC formativelymeasured construct is to completely mediate the effects of the formative measures on other variables (Franke et al., 2008) . If the formative measures have direct as well as indirect (partially mediated) effects on the outcome variables, then the proportionality constraint would not necessarily hold and external consistency could not be established, calling the meaning and value of the formative conceptualization into question.
In order to demonstrate whether a MIMIC model is a full mediator, one needs to show the direct impact of each Xij on ηk (where k = 2 or 3) is zero in the model of Figure 7 . Likewise, the direct impact of each Xij on ηk (where k = 2 or 3) in Figure 8 would be identical to the indirect impact of Xij on ηk (where k = 2 and 3). In Figure 8 , for example, the estimated value of β112 would be equal to the estimated value of γ11 + β12 in Figure  6 . As Franke et al. (2008) and Aguirre-Urreta and Marakas (2012) noted, the scaling used for a formative construct can reveal instability in the construct. Scaling occurs in covariance-based SEM when a path in the measurement model is set to 1 for identification purposes. In a MIMIC model, the path that is set to 1 would be one of the reflective measures as it is a unidimensional measure of the construct, thus mitigating the variation in proportional effects. 
Simulation
We conducted a Monte Carlo simulation to examine the issues of interpretational confounding and proportional structural effects. The models of the simulation test for interpretational confounding by examining the stability of the path coefficients when changing the dependent variables. Figure 9 shows the assumed "true" relationships as specified in the simulation. 1 The effectiveness of the forma-
1 The values chosen for the "true" relationships are generally consistent with the weights and structural parameters in Kim et al. (2010) . The model used to generate the covariance matrix for the measurement and structural estimates shown in Figure 9 was actually a single model that included the MIMIC construct for η 1, and three endogenous variables (η2, η3, η4 interpretational confounding for formativelymeasured constructs.
To examine external consistency, this simulation separated the total effects into indirect and direct effects to demonstrate the magnitude of the mediating effect of the formative latent variable (i.e., η 1 ). The mediating effect of formative MIMIC model was examined by calculating and comparing the indirect and direct effects of its formative measures on the different sets of endogenous constructs. We used two reflective endogenous constructs (η 2 and η 3 ) as an example and depicted the specified models (Model A CV , Model B CV and Model C CV ) in Figure 10 . Model A CV only allowed the formative MIMIC construct to have direct links to two endogenous constructs and is identical in structure to the model of Figure   Figure 9 -True parameters model in covariance-based software 9a. Model B CV allowed the formative MIMIC construct and its formative measures both to have direct links to the same two endogenous constructs. Model C CV only allowed the formative measures to have direct links to the same two endogenous constructs. The same sequence was repeated for two reflective endogenous constructs (η 2 and η 4 ).
Assumptions
The parameters of the models are shown in Figure 9 . The weight of formative measures was set to 0.35, 0.45 and 0.45. We assume a small error term for the formativelymeasured construct (0.15) and all formative measure coefficients are significant, indicating a sound formative measure (Diamantopoulos, 2006). All reflective items have very low errors in defining the latent variables (0.01) to ensure the results are not influenced by poor reflective measures. The structural path between the formative MIMIC construct and η 2 remained at 0.5 for all runs, while the path to η 3 was 0.8 and the path to η 4 was 0.2. Changing from 0.8 to 0.2 in the path model for the second reflectively-measured construct should induce changes to estimates in the paths from the formative measures to the formative latent variables if the MIMIC construct is unable to stabilize the measurement model.
Process
The population covariance matrix were calculated from the true parameters models shown in Figure 9 , assuming a sample size of 250. We ran Monte Carlo simulations in EQS 6.1 using the population covariance matrix for each of the specific models in Figure 10 for both endogenous variable sets (η 2 and η 3 ; η 2 and η 4 ). This resulted in eight different models examined for the simulation. Consistent with Paxton et al. (2001) , the analysis of the generated raw data sets, parameter estimations and fit statistics were estimated using 500 replications and only the converged samples and proper solutions were included in the analysis.
The first series of models ( Figure 9A ) consisted of one formatively-measured construct (η 1 ) with two reflective endogenous constructs (η 2 and η 3 ), where the structural estimation of η 1 on η 2 was 0.5, and the structural estimation of η 1 on η 3 was 0.8. In the second series ( Figure 9B ), we used different sets of endogenous constructs. The identical η 2 was Model C CV still required to serve as an endogenous construct, and we replaced η 3 by η 4 as another endogenous construct. The second series of models consisted of one formative MIMIC model (η 1 ) with two reflective endogenous constructs (η 2 and η 4 ), where the structural estimation of η 1 on η 2 was 0.5 and the structural estimation of η 1 on η 4 was 0.2. Hence, each series was composed of one formative exogenous construct with two reflective endogenous constructs.
Expectations
If the MIMIC construct avoids issues of interpretational confounding, the paths from the formative measures to the latent formative variable should not change nor should the direct path from η 1 to η 2 by replacing η 3 with η 4. Variation in the estimates when an endogenous variable changes would suggest that interpretational confounding is not mitigated when a MIMIC model is used. Further, we expect the MIMIC construct to act as a point variable and fully mediate the measures to the endogenous variables, indicating proportional structural effects and external consistency.
The examination of the relationships from the formative measures of the MIMIC construct to the endogenous constructs allowed us to examine whether the indirect effects and the direct effects are the same. We can calculate and compare the indirect effect of one formative measure in Model A CV and the direct effect of the same formative measure in Model C CV . For example, to observe the mediating effect of the formative MIMIC construct in Model A CV and Model C CV , the indirect effect of X 11 is the product of γ 11 *β 12 and γ 11 *β 13. These should be nearly equivalent to β 112 and β 113 if formative MIMIC model is a full mediator. Likewise, the direct paths to from the formative measures to the endogenous variables should be zero if the formative variable fully mediates the formative measures. This indirect effect and zero coefficients represent the meditating effect of formative MIMIC model on the relationship between its formative measures and endogenous constructs (Hair et al., 2010) .
Results
Tables 1a and 1b present the results of all eight models. The columns represent the different models, varying across the structure (Base Model in Table 1a , Models A CV , B CV and C CV in Table 1b ) as well as the endogenous variable sets (η 2 and η 3 , η 2 and η 4 ). The standard weights of the formative measures in the MIMIC construct are the first three rows of data. These should not vary or interpretational confounding is present the structural model. Further, if the path coefficient from η 1 to η 2 (β 12 ) varies when the model alters from η 3 to η 4 , this would indicate a problem of interpretational confounding. As can be seen in Table 1a , the formative measure weights and structural path coefficients in the base model (using formative measures only) vary, while the formative measure weights and structural path coefficients in Table 1b do not vary to any degree across the rows when using a MIMIC construct for formative measurement. Interpretational confounding does not appear to be a problem when using a MIMIC construct with both formative and reflective measures, particularly when the reflective measures capture the construct well.
Considerations of the point variable property for external consistency considerations are evident in both Table 1 and Table 2 . First, Table 1b shows that the direct paths from the formative measures to the endogenous variables are not statistically different form zero (indeed close to zero) in model B CV. Further, Table 2 shows the computed values of the indirect path to η 2 in model A CV to allow comparison to the direct path to η 2 in model C CV . The direct path values and the indirect values should be the same if there are no proportional violations. Direct path values are those determined as the path coefficients in model C CV . Indirect values are the product of the path from the measure to the latent exogenous variable and the path from the exogenous to endogenous variable (the product is shown in the third column of table 2). The changes from the direct effects to the indirect effects are very low (t = 0.473, nonsignificant), indicating that the MIMIC formatively-measured construct mediates the measures as desired providing a good point variable with desired external consistency for these models. Both tables lend optimism to showing formatively-measured constructs can be applied in the measurement model without leading to detriments in the structural model found by other researchers . 
Table 1b -Model Estimation and Fit Indices for Model Variations
X11 η2 (β112) N/A N/A X12 η2 (β122) N/A N/A X13 η2 (β132) N/A N/A η1 η3 (β13) 0.805 ----- X11 η3 (β113) N/A ----- X12 η3 (β123) N/A ----- X13 η3 (β133) N/A ----- η1 η4 (β14) ----- 0.233 X11 η4 (β114) ----- N/A X12 η4 (β124) ----- N/A X13 η4 (β134) ----- N/A
Fit Indices
Chi-sq(df) 22.57 (22) 
Chi-sq (df) We employ a simple model as an example (Figure 11 ) to demonstrate the issue of interpretational confounding and external consistency. The illustrative model is largely based on the work of Cenfetelli et al. (2008); we replicated a part of their research model and collected the data from 173 Yahoo online shopping center users. In our illustrative example, service quality consists of five latent variables, which is different from the work of in which service quality is modeled with five indicators. This illustrative model includes eight constructs: a second-order exogenous formatively measured construct (service quality) with five first-order reflectively measured constructs (assurance, empathy, reliability, responsiveness and tangibles) and three endogenous reflectively measured constructs (perceived usefulness, satisfaction and perceived value). To satisfy the sample size requirements for SEM modeling and maintain a parsimonious illustrative model, this study estimated a simple, first-order, formativelymeasured. The five first-order reflectively measured constructs are converted into single measures using factor scores in order to convert service quality into a first-order formatively-measured construct.
Firstly, we assessed the validity of the measurement items within the reflective first-order constructs. Then, we used the factor score of each of the five first-order constructs to represent the formative indicators of secondorder service quality construct. In this analysis, we modeled service quality as a MIMIC model and included two reflective items, with items such as "Overall, Yahoo online shopping center provides a high level of service". This MIMIC construct was used to test the structural relationship among service quality and perceived usefulness, satisfaction and perceived value. Descriptive statistics, convergent validity and discriminant validity of all measurement items are reported in Appendix B.
Consistent with the Base Model, ModelAcv and ModelCcv (see Figure 10) , we examined the relationships between service quality and both endogenous construct sets (satisfaction and perceived playfulness; satisfaction and perceived value). As demonstrated in Table 3 , when comparing the results in the Base Model and Model Acv, the standard weights of formative measures in the MIMIC construct are more stable than that of non-MIMIC construct. This demonstrates that the threat of 
Conclusions
Concerns for formatively-measured constructs include issues of interpretational confounding and external consistency. Prior work establishes that these problems exist in correctly specified measurement models and not just misspecified models.
A MIMIC measurement construct, with two reflective measures in addition to formative measures, might resolve these issues. The contribution of this study is to establish through simulation that the MIMIC construct serves as a point variable in a structural equation model such that interpretational confounding is avoided and external consistency is established by properties of full mediation of the measures by the construct on the endogenous variables. Formative measures can be applied in research if the measurement model is properly built to include two reflective items in a MIMIC measurement model for each formativelymeasured construct.
The burden on researchers is not light when using formatively-measured constructs. The choice of using either a formatively-measured construct or a reflectively measured construct must be theoretically justified. However, automatically selecting a reflectively-measured construct when formative measurement would be more appropriate can negatively impact the understanding of the phenomenon of interest given that reflective and formative measures can provide different insights about a construct and lead to misspecification errors and estimation bias. Once the formatively-measured construct is selected, the researcher must demonstrate that all formative dimensions are included, interpretational confounding is mitigated and external consistency is present. The use of a MIMIC model with two reflective measures should be strongly considered in order to address scaling problems in an SEM. This was demonstrated even in cases where the formative measures are significant, complete, and free of multicollinearity -in other words even a well measured formative construct is subject to problems that can be enhanced by employing a MIMIC construct in the model. The reflective measures should be rigorously evaluated as appropriate for a measurement model. From the reviewer perspective, when research employs a formatively-measured construct there must also be assurance that the known problems of interpretational confound-ing and external consistency are somehow alleviated. Addressing the issue of proportionality is crucial in attaining external consistency and reducing interpretational confounding. Application of the MIMIC model may not be a solution unless the reflective measures exhibit measurement properties traditionally expected on rigorous research. Further, just because a researcher has two reflective items, it does not suggest that the construct should be measured reflectively as opposed to both reflectively and formatively. While the introduction of one more reflective item would fully identify the reflectivelymeasured construct, the researcher may want to use formative measures to understand specific contributing factors or examine theoretical concepts related to the construct empirically.
Several limitations to this study should be considered. First, only exogenous variables are considered.
The use of formative measures in a construct has differing implications in an SEM depending on placement within a model, thus, consideration of strictly exogenous variables in this paper is appropriate.
Further studies of formativelymeasured endogenous constructs are essential to understand their unique implications.
Endogenous, formatively-measured constructs at the path's end must accommodate the theoretical considerations of the upstream variables without violating the precept that the formative indicators completely specify the variable. The inclusion of a direct relationship leading into the formatively-measured construct adds an additional formative factor, thus, nullifying the original formativelymeasured construct as valid under original measurement assumptions. Therefore, the MIMIC approach might be applied to the endogenous variables, but studies should still be conducted. Secondly, the simulation assumes the reflective measures in the MIMIC construct to have effectively no error, restricting conclusions to MIMIC constructs where the reflective items are especially representative. The degree of quality in the reflective measures and the reflective endogenous variables is a question that must be addressed in further work. Lastly, we examine MIMIC models that develop reflective measures for the construct that is consistent with the theoretical definition of the construct, while other proposed MIMIC models consider additional downstream variables. The efficacy of this alternate approach requires examination as well.
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